Macroscopic (millimeter scale) functional clustering is a hallmark characteristic of motor cortex spatial organization in awake behaving mammals; however, almost no information is known about the functional micro-organization (ϳ100 m scale). Here, we optically recorded intracellular calcium transients of layer 2/3 neurons with cellular resolution over ϳ200-m-diameter fields in the forelimb motor cortex of mobile, head-restrained mice during two distinct movements (running and grooming). We showed that the temporal correlation between neurons was statistically larger the closer the neurons were to each other. We further explored this correlation by using two separate methods to spatially segment the neurons within each imaging field: K-means clustering and correlations between single neuron activity and mouse movements. The two methods segmented the neurons similarly and led to the conclusion that the origin of the inverse relationship between correlation and distance seen statistically was twofold: clusters of highly temporally correlated neurons were often spatially distinct from one another, and (even when the clusters were spatially intermingled) within the clusters, the more correlated the neurons were to each other, the shorter the distance between them. Our results represent a direct observation of functional clustering within the microcircuitry of the awake mouse motor cortex.
Introduction
The principle of wiring economy asserts that connected neurons should be physically near to each other to reduce the overall length of the wire connections. The effect of minimizing the costs associated with wiring up distant neurons is an evolutionary advantage conferred upon the organism. This idea of wiring economy dates back to Cajal (1899) and has since been used to understand the possible origins of topographic retinal mapping onto the visual cortex (Cowey, 1979) , the fractional volume of cortical gray matter taken up by axons and dendrites (Chklovskii et al., 2002) , the positioning of cortical areas in the primate prefrontal cortex (Klyachko and Stevens, 2003) , and the physical placement of ganglia in the nematode nervous system (Cherniak, 1994) . One extrapolation of the wiring minimization principle is the idea that "like attracts like": neurons involved in like computations are more likely to be synaptically connected to each other than to other neurons and therefore should be as physically near each other as possible (Mitchison, 1992) .
When applied to the mammalian motor cortex, this "like attracts like" idea has helped to explain the functional organization that exists on the macroscopic scale (Aflalo and Graziano, 2006; Graziano and Aflalo, 2007) . Different studies have found functional clustering in the form of subregions that emphasize control of specific muscles (Asanuma and Rosén, 1972) , direction of hand movement (Georgopoulos et al., 1982 (Georgopoulos et al., , 2007 Amirikian and Georgopoulos, 2003) or ethologically relevant movements (Graziano et al., 2002) . These studies, however, used electrode penetration mapping methods (either recording or stimulation) that did not sample multiple sites simultaneously and potentially suffered from cell selection bias. A more direct way to reveal functional clustering would be to use cellular resolution imaging techniques to study the mammalian motor cortex. Furthermore, though the electrode studies demonstrated a macroscopic organization, they only indirectly uncovered information about microscopic clustering that may exist (Amirikian and Georgopoulos, 2003) . Imaging methods have described functional organization on the microscopic scale in anesthetized rodents (Kerr et al., 2007; Sato et al., 2007) ; however, due largely to technical limitations associated with studying the microcircuitry in the cortex of awake mammals, it remains unclear whether any significant functional clustering exists on the microscopic scale. For example, does the same "like attracts like" idea that shapes the macroscopic layout of the motor cortex also apply at the microcircuit level? Using our recently developed methods (Dombeck et al., 2007) to optically image the activity of layer 2/3 neurons within a spatial window of ϳ200 m in awake mice, we asked whether the forelimb region of the motor cortex contained any spatial clustering in the functional properties of single neurons. The mice were mobile, head-restrained, and performed two distinct movements (running and grooming). We measured the time-varying activity of neurons in the field of view mental material). When cured, the small drop of Kwik-sil had the effect of bonding the plug to the dura and reducing in-focal plane (X-Y ) brain motion.
Following surgery, the mice were head restrained on the ball in complete darkness. Typically, for the 7 non-head-restrained trained mice, it would take ϳ10 -15 min for the mouse to learn to balance and then begin to walk or run; the 3 head-restrained trained mice could balance, walk and run immediately. Imaging commenced ϳ1 h, and ended ϳ2-4 h, after waking from anesthesia.
Dye loading, ICMS, and two-photon microscopy. We initially performed ICMS (details of parameters below) mapping studies in 5 mice not used for imaging to identify the precise stereotaxic location of the forelimb motor cortex in the B6CBAF1/J mouse strain. ICMS in an ϳ1.0-to 1.5-mmdiameter region centered at 1.75 mm lateral and 0.13 mm rostral of bregma reliably evoked contralateral forelimb twitches. This area of the cortex was therefore chosen for the subsequent set of imaging experiments.
Dye bolus loading and ICMS were carried out after the bottom piece of the head-plate was affixed to the skull, but before the coverslip and Kwik-sil plug were implanted. A 10 mM stock of Calcium Green-1 AM in DMSO ϩ 20% pluronic was diluted tenfold into (in mM): 150 NaCl, 2.5 KCl, 10 HEPES, ϳ0.05 SR101 (pH ϭ 7.4). Filled pipettes (borosilicate, 1.2 mm OD, 0.6 mm ID, FHC Co.; P-2000 puller, Sutter Instruments) were beveled (BV-10, Sutter) to facilitate penetration of the intact dura (post-beveling pipette resistance 5-9 M⍀). Pipettes were advanced (MP285, Sutter) through the craniotomy at 39°with respect to the brain surface and dye injection (1.5-2.0 psi, ϳ8 min) was made at a depth of ϳ250 m below the cortical surface (supplemental Fig. 1 A, available at www.jneurosci.org as supplemental material). 2-4 dye injections per mouse were stereotaxically targeted to the forelimb motor cortex, but the exact stereotaxic location varied from mouse to mouse to avoid large blood vessels. Neurons and astrocytes were labeled with the green calcium-sensitive dye, but only the astrocytes were labeled with the red dye SR101 (Nimmerjahn et al., 2004) (Fig. 1 Ai) . The red SR101 channel allowed us to differentiate neurons from astrocytes and provided a constant intensity image for off-line motion correction (Dombeck et al., 2007) . ICMS was then used (supplemental Fig. 1 B, available at www. jneurosci.org as supplemental material) at each injection site in each mouse to verify the location as the forelimb motor cortex. The lightly anesthetized mouse (ϳ0.25-0.5% isoflurane) was held by the head-plate and tail such that its limbs were free to hang in space. Pipettes filled with 3 M KCl (ϳ1 M⍀) were advanced through the cortex such that the tip was in Layer 5 (ϳ550 m deep) directly below the dye injection sites. Cathodal pulse trains (6 -30 ms train duration, 100 -400 A, 400 s pulse duration, 333 Hz) (Hewlett-Packard 8116A pulse generator, A.M.P.I. Iso-flex) starting with low amplitude and short train durations were applied and slowly increased until contralateral forelimb muscle twitches could be observed. The ICMS used to determine the location of the motor area at each injection site took only a few minutes, involved one electrode penetration per site and typically involved Ͻϳ7 stimulus trains per site. All time-series were acquired from locations in which the movement was almost entirely from a region of the forelimb; occasionally a smaller twitch of the ipsilateral forelimb could be discerned, but no twitches of the face or other body regions were detectable.
The two-photon microscope used for imaging has been previously described (Dombeck et al., 2007) , however the collection optics were modified: 680sp (Semrock) IR blocking filter, 542/50 (Semrock) calcium green channel emission filter, 610/75 (Chroma) SR101 channel emission filter. In most experiments, GaAsP PMTs (1077P-40, Hamamatsu) were used, but Multi-Alkali PMTs (R6357, Hamamatsu) were used in a few of the initial experiments. The illumination source was a Ti:Sapphire laser (Mira 900 or Chameleon Ultra II, Coherent, ϳ880 nm excitation light, ϳ100 fs pulses at 80 MHz) and a 40ϫ, 0.8 NA objective (Olympus) was used in all experiments. Sixty-two time-series (128 ϫ 128 pixel) from 20 different dye injection sites in 10 mice were analyzed. Four time-series were acquired at 4 Hz frame rate (2 ms/line, 500 -1500 frames) and 58 at 8 Hz (1 ms/line, 1000 -2000 frames); the field of view was ϳ200 m with an average of ϳ90 neurons/image field. Because the decay time of action potential evoked somatic calcium transients under similar conditions to ours is typically many hundreds of milliseconds (Kerr et al., 2005) , it is unlikely that any transients were missed with the ϳ8 Hz frame rate used for almost all of our recordings (see supplemental Fig. 2 , available at www.jneurosci.org as supplemental material). Though our frame rate is orders of magnitude slower than data acquisition rates using electrophysiological recording methods, it is common in the motor cortex to find average spike rates on a similar timescale as our effective recording rate for analysis and interpretation (Moritz et al., 2008) . The resulting time course of firing rates look qualitatively similar to the activity traces obtained here from calcium-sensitive dye imaging (Moritz et al., 2008) .
Complex motor pattern discrimination. Two optical computer mice were used to record spherical treadmill velocity (Dombeck et al., 2007) . A running state vector was generated by first calculating three velocity components of ball motion by separately integrating the counts received at 5 ms intervals from the orthogonal motion sensors of each computer mouse. Speed was calculated as the Euclidean norm of 3 perpendicular components of ball velocity and the up state of the running state vector started when the speed was Ͼ0.04 m/s and returned to the down state when running speed was Ͻ0.01 m/s. Running involved coordinated movements of all four limbs when all of the paws of the mouse were on or close to the surface of the treadmill and was defined to include the following components: running forward, running sideways or backing up. Running was typically spontaneous, but was occasionally elicited by using an airpuff to the mouse's flank as described previously (Dombeck et al., 2007) . A grooming state vector was generated by hand while viewing the CCD camera movies frame-by-frame. Grooming was defined to include mouse forelimb (contralateral to the two-photon imaged motor cortex hemisphere) movements while the forelimb was off of the treadmill surface and the mouse was in the prone position; nearly all of these movements included one or more of the following components: forepaw licking, nose/face stroking, stroking of the whiskers, and/or forelimb fanning in front of the mouse. To increase the frequency of grooming, honey (ϳ1 part honey:1 part water) was periodically applied to the whiskers.
Data analysis. Analysis was performed using ImageJ (1.40 g) and custom scripts written in MatLab (version 7). All data in the text and figures are presented as mean ϮSD, except in the plots shown in Figures 2 and 6 and supplemental Figure 3 , available at www.jneurosci.org as supplemental material, where the error bars represent SE.
Our previously developed Hidden Markov Model line by line motion correction algorithm (Dombeck et al., 2007) was run on the static red SR101 channel of the two-photon time-series to determine the brain motion. This information was then used to shift the collected lines of each frame of the dynamic calcium-sensitive dye channel in the time series back to their correct position with respect to reference frames. The mean in plane (X-Y ) Euclidean distance brain motion during running, grooming and resting periods was 1.7 Ϯ 0.6 m, 2.3 Ϯ 0.9 m, 0.2 Ϯ 0.1 m respectively and the mean out of plane (z) motion during running, grooming and resting periods was 0.7 Ϯ 0.2 m, 1.0 Ϯ 0.4 m, 0.5 Ϯ 0.2 m respectively. Neither the brain motion nor the motion correction algorithm induced any artificial spatial correlations that significantly contributed to the decrease in neuron-neuron correlation as a function of neuron-neuron distance result shown in Figure 2 (see supplemental Fig. 3 , available at www.jneurosci.org as supplemental material). Polygonal regions of interest (ROI) were manually defined on the time projection image of the time-series to closely approximate the outline of the neuron of interest (neurons were defined as non-SR101 labeled cells). Fractional changes in fluorescence for a given frame were calculated on a pixel by pixel basis relative to the mean. The values for pixels present in the ROI after motion correction were averaged. Occasionally, brainmotion was such that no pixels were present in a specific ROI during a given frame; the neurons corresponding to these ROIs were excluded from all analysis. Slow time scale changes in the fluorescence time series were removed by examining the distribution of fluorescence in a Ϯ12.5 s interval around each sample time point and subtracting the 8% percentile value. For ϳ90% of the neuron fluorescence traces, this method reliably subtracted slow changes without significantly filtering longer events that had distinct onsets and offsets; however, in ϳ10% of the traces in which much longer duration transients were present, this method was found to alter the longer events and hence was not used.
Instead, the baseline for these neurons was defined by hand and then subtracted from the raw trace. The baseline subtracted neuron fluorescence traces were then subjected to the analysis of the ratio of positive to negative going transients of various amplitudes and durations that we described previously (Dombeck et al., 2007) . We used this analysis to identify significant transients with Ͻ5% false positive error rates and generated the significant transient only traces (see Figs. 1 B, 4A; orange traces) that were used for all analysis in this research. Note that the significant transient only traces are not discontinuous traces; the significant transients are left untouched, but the time points between the significant transients are all set to 0. The point of generating the significant transient only traces was to eliminate the effects of any possible motion artifact induced negative going transients on our analysis. However, the effects of these artifacts was minimal (supplemental Fig. 3 , available at www.jneurosci.org as supplemental material) and there was very little difference between our results generated with the raw or with the significant transient only traces (see supplemental Fig. 4 B, C, available at www. jneurosci.org as supplemental material). Correlations were calculated as the Pearson's correlation coefficient between the two traces of interest. The statistical significance of the correlation values ( C) between fluorescence traces [either significant transient only single neuron fluorescence or mean cluster fluorescence (defined as the mean of the significant transient only traces of all of the neurons in a cluster)] and complex mouse movement state vectors was determined by bootstrapping as follows. Each fluorescence trace was broken into at least 9 segments (determined by the significant transients) that were randomly shuffled. A distribution of 10,000 random correlation values (C rand ) was generated by calculating the correlation coefficient between each randomly shuffled fluorescence trace and the state vectors. The p value for the significance of C was calculated as the fraction of the total number of C rand with values greater than C. Neuron-neuron distances were calculated as the Euclidean distance between the ROI centroids of the two neurons.
The following was used to determine the direction of maximal physical separation between the running and grooming correlations of neurons. First, the running correlation weighted mean and SD of position of all of the neurons along a chosen direction was calculated; the positions of the neurons were weighted by their running correlation coefficients (only significant correlation values were considered). This calculation was then repeated to determine the grooming correlation weighted mean and SD of position of all of the neurons along the same direction. A t test was then performed between the resulting running and grooming weighted position distributions to determine the T-statistic. This T-statistic is essentially a measure of whether any significant spatial separation exists along the chosen direction between running and grooming neuron correlation on the ϳ200 m scale of the image fields. We calculated this T-statistic along 100 different directions (corresponding to angles from 0 to 180°in 1.8°increments) within each dataset image field. The direction (angle) corresponding to the maximum T-statistic was then selected. We refer to the maximum T-statistic as the spatial significance. The T-statistic for each dataset was converted into a p value for the categorizations shown in Figure 5 .
The meta-K-means algorithm was applied independently to each of the 62 image fields that were studied here. It employed 2500 runs of a traditional K-means algorithm that was seeded each run by using the K-meansϩϩ seeding strategy (Arthur and Vassilvitskii, 2007) . Each run generated 4 clusters, and correlation was used as the measure that K-means minimized with respect to. Neurons that were in the same cluster in Ͼ80% of the K-means runs were placed in metaclusters. Neurons that were not in the same cluster with any other neurons in Ͼ80% of the K-means runs were disregarded; this occurred for 4.3 Ϯ 2.7 neurons per dataset (265 out of 4813 total neurons). To form the final clusters, the metaclusters were then combined if the correlation between the mean fluorescence traces of all of the neurons in each metacluster was greater than a predetermined threshold (T corr ). T corr could vary from image field to image field (i.e., each of the 62 fields could have a different value of T corr ). It was determined by running the above described meta-K-means algorithm many times, each time with a different value of T corr . The wide range of T corr values (0.45-0.95, in steps of 0.025) were typically sufficient to explore the full spectrum of possible metacluster combina-tions from generating many small clusters with T corr ϭ 0.95 (leaving the metaclusters uncombined) to generating one or two large clusters with T corr ϭ 0.45 (see supplemental Fig.  10 , available at www.jneurosci.org as supplemental material). A heuristic was developed to select the one specific value of T corr that simultaneously maximized both the mean cluster size and the weighted mean of the intracluster neuron-neuron correlations (weighted by cluster size). This value of T corr was the value that maximized the product of the mean cluster size (scaled from 0 to 1) as a function of T corr and the mean intracluster neuron-neuron correlation (scaled from 0 to 1) as a function of T corr . This value of T corr was then used in the above described meta-K-means algorithm to generate the final clusters of neurons for each of the 62 image fields.
Results
Optical recording of calcium transients with cellular resolution in forelimb motor cortex of awake running and grooming mice To study the functional clustering within the mouse motor cortex microcircuitry, we bolus loaded (Stosiek et al., 2003) Calcium Green-1-AM into layer 2/3 of the forelimb motor cortex (Fig. 1Ai) . We acquired twophoton time-series movies of the labeled area while the mouse displayed the movements of running and grooming ( Fig.  1 Aii,iii) (see Materials and Methods for definitions of running and grooming). This provided a situation in which we could optically record the spatio-temporal activity of forelimb motor cortex neuron populations while the mouse's forelimb was used in two qualitatively different and temporally distinct rhythmic movements. During the acquisition of the two-photon time-series movies, the mice ran, groomed, and rested 38 Ϯ 15, 21 Ϯ 14, and 41 Ϯ 16% of the time on average, respectively. Calcium Green-1 ⌬F/F traces (Fig. 1B , black traces with orange segments) were extracted from ROIs drawn around each neuron in the field. These ⌬F/F traces revealed a baseline periodically interrupted by calcium transients that were typically characterized by a sharp onset followed by a slower decay. The calcium transients were of various amplitudes, consistent with a difference in the number of underlying action potentials (Kerr et al., 2005; Sato et al., 2007) , and of various durations, consistent with the summation of multiple transients (Dombeck et al., 2007; Greenberg et al., 2008) . Significant transients with Ͻ5% false positive error rates were identified (see Materials and Methods) and used in all subsequent analysis (Fig. 1B, orange traces) . These traces were taken as a surrogate measure of spiking activity and are referred to as the temporal activity pattern of the neurons. In all, 62 timeseries (ϳ200 m field of view, 87 Ϯ 14 neurons/image field, 4 -8 Hz frame rate) from 20 different dye injection sites in 10 mice were analyzed.
Pairwise temporal correlation between neurons is inversely related to distance
We began by studying in the awake behaving mouse whether neuron-neuron correlation varied as a function of the distance between the neurons within our ϳ200 m fields of view. For each time-series, we calculated all pairwise temporal activity pattern correlations and pairwise distances between neurons and then we combined the results from all 62 timeseries. When we plotted mean temporal correlation as a function of mean distance between the neurons (Fig. 2) , we found a significant inverse relationship between the two (Spearman's rank correlation coefficient of Ϫ0.9971, p Ͻ 10 Ϫ5 ) (slope ϭ Ϫ8.1 ϫ 10 Ϫ4 /m, 95% confidence interval: (Ϫ8.5 ϫ 10 Ϫ4 ,Ϫ7.7 ϫ 10 Ϫ4 )/m): on average, the nearer neurons were to each other in physical space, the more similar were their activity patterns.
This statistical analysis of the correlation versus spatial separation between neurons within the forelimb motor cortex during movement (Fig. 2) demonstrates that the idea of "like attracts like" is an important notion for understanding the microorganization of the awake motor cortex, but it provides no specifics about the detailed topography of the area. How does the statistical spatial relationship between correlated neurons manifest itself in the real space of the brain? In the rest of the Results, we explore this question using two separate approaches to study the spatial order within our ϳ200 m fields of view. We first describe a K-means algorithm that clusters neurons based on their temporal activity patterns and then we study the spatial Figure 1 . Optically recording calcium transients with cellular resolution in forelimb motor cortex of awake running and grooming mice. Ai, A two-photon microscopy (TPM) image of a typical field of view from a bolus loaded region of forelimb motor cortex; neuron somata appear as green discs; green, calcium green-1 fluorescence; red, SR101 fluorescence; numbered neurons correspond to numbered traces in B. Neurons and astrocytes were both labeled with the green calcium-sensitive dye. The red SR101 dye labeled only astrocytes and allowed us to differentiate neurons from astrocytes and provided a constant intensity image for off-line motion correction. Aii, iii, Images of head-restrained mouse grooming (ii) and running (iii) during two-photon time-series acquisition. The limbs of the mouse are resting on the spherical treadmill. One of the two horizontal head-restraint bars can be seen attached to the head-plate and the microscope objective can be seen at the correct position used to image cortical layer 2/3 through the cranial window. B, Calcium green-1 baseline subtracted ⌬F/F traces are shown in black for the neurons labeled in Ai. Orange traces indicate significant calcium transients with Ͻ5% false positive error rates (see Materials and Methods). The running and grooming state vectors are shown at the bottom.
arrangement of the clusters of neurons. Second, we code each neuron within an image according to the correlation of its temporal activity pattern to running and/or to grooming and then examine the spatial layout of the coded neurons. While any spatial clustering determined by either approach is susceptible to some degree of parameter dependence (K-means analysis for the selection of specific thresholds; mouse movement correlation analysis for the selection of the important aspects of forelimb movement, see below), in the end we find that the two approaches spatially segment the neurons very similarly, adding confidence to the end results.
Temporally correlated neurons cluster into spatially distinct groups
We used a clustering technique to examine if neurons could be clustered solely by the correlations between their temporal activity patterns, and if so, if the clusters exhibited any spatial organization. Here we describe our clustering algorithm by first showing the clustering (Fig. 3A) and spatial organization (Fig.  3C ) results on one specific example dataset and then by showing the combined clustering (Fig. 3B ) and spatial organization (Fig.  3 D, E) results from all 62 datasets. We adapted a meta-K-means algorithm (Ozden et al., 2008) to separate the activity traces of the neurons within each time-series into discrete clusters. The algorithm started with the individual neuron activity traces (Fig. 3Ai) which were arranged randomly with respect to their neuronneuron correlation values (Fig. 3Aii) . The algorithm employed numerous runs of K-meansϩϩ, which is a carefully seeded version of the traditional K-means algorithm (Arthur and Vassilvitskii, 2007) , followed by a series of steps designed to maximize both the cluster size and intracluster neuron-neuron correlations (see Materials and Methods for details). It is unlikely that our algorithm (or any other K-means algorithm) finds the optimal clustering of the neural activity traces (a computationally NP-hard problem), but it was successful in segmenting the data in a reasonable manner. When the algorithm was run on the activity traces shown in the example of Figure 3Ai , it found two large clusters (Fig. 3Aiii ,iv, clusters 1 and 2) and four smaller clusters (Fig. 3Aiii,iv, other clusters) ; for display in Figure 3 , Aiii and Aiv, the traces were sorted first into their respective clusters and then within each cluster by their correlation to the cluster's mean activity trace (see supplemental Fig. 5 , available at www.jneurosci. org as supplemental material, for the same plot shown in Fig. 3Aiii , but with the traces not sorted within each cluster). This sorting makes it apparent for this example that the intracluster neuron activity patterns were more similar than intercluster neuron activity patterns (Fig. 3Aiii) , and that the intracluster neuron-neuron correlations were significantly larger than intercluster neuronneuron correlations (0.40 Ϯ 0.14 vs 0.18 Ϯ 0.16, p Ͻ 10 Ϫ6 , twotailed t test, N ϭ 86 neurons) (Fig. 3Aiv) . In general, the combined results of the meta-K-means clustering on all of the time-series datasets revealed that the algorithm consistently found clusters with mean intracluster neuron-neuron correlations greater than the intercluster neuron-neuron correlations (0.43 Ϯ 0.18 vs 0.15 Ϯ 0.17, p Ͻ 10 Ϫ10 , two-tailed t test, N ϭ 4813 neurons). When clusters of the same size were generated by randomly assigning neurons to a cluster, the mean intracluster neuron-neuron correlation (0.31 Ϯ 0.23) was between, and statistically different from, the intercluster ( p Ͻ 10 Ϫ10 , twotailed t test, N ϭ 4813 neurons) and intracluster ( p Ͻ 10 Ϫ10 , two-tailed t test, N ϭ 4813 neurons) neuron-neuron correlation values obtained by the algorithm (Fig. 3B) .
With all of the neurons within a field of view assigned to a cluster based on the correlations between their activity patterns, we could then examine the spatial micro-organization of the clustered neurons by looking at their physical locations with respect to each other. Figure 3Ci shows the field of view from which the neural activity traces in Figure 3Ai ,iii were acquired. When the neurons within this field were false-colored according to their cluster identity, a clear spatial separation was observed (Fig.  3Cii) ; most striking is the separation between the largest clusters, clusters 1 and 2 (Fig. 3Cii , red-and green-colored clusters, respectively). The spatial separation between the clustered neurons within the field of this specific example was statistically significant, with the mean intracluster neuron-neuron distance less than the mean intercluster neuron-neuron distance (86 Ϯ 42 vs 107 Ϯ 48 m, p Ͻ 0.01, two-tailed t test, N ϭ 86 neurons). Due to the relatively large spatial extent of each of the large clusters (clusters 1 and 2), this small but significant difference between the intra-and intercluster neuron-neuron distances is exactly what is expected, even for the well spatially separated clusters shown in Figure 3Cii . Upon inspection, we found that many of the 62 fields of view contained spatially separated clusters such as those seen in Figure 3Cii . This effect of intercluster neuron-neuron distances being greater than intracluster distances was consistent when examined in each of the 62 datasets (Fig. 3E) . When the results from all of the time-series datasets were combined, an average effect similar to that seen in the specific example of Figure 3 , A and C, was observed: the mean intracluster neuron-neuron distances were smaller and significantly different from the mean intercluster neuron-neuron distances (88 Ϯ 43 vs 95 Ϯ 44 m, p Ͻ 10 Ϫ6 , two-tailed t test, N ϭ 4813 neurons) (Fig.  3D) . These results indicate that functional spatial clustering exists in the forelimb motor cortex of the awake mouse during movements such that coactive neurons are often clumped together. These highly internally correlated and often spatially distinct clusters are, at least partly, responsible for the inverse relationship seen between neuron-neuron correlation and distance in Figure 2 .
Neuronal clusters and individual neurons showed strong correlation to running and grooming
We next studied whether the mean activity of the neuronal clusters had any correlation to the most apparent ongoing movements: running and grooming. Figure 4 A (bottom) shows an example of the mean temporal activity pattern for the largest clusters (clusters 1 and 2) from the specific example shown in When the correlation of mean cluster activity to running or grooming was calculated (see supplemental Fig. 6 A for data displayed in a two dimensional plot, available at www.jneurosci.org as supplemental material), it was apparent that the largest clusters were significantly correlated to running (cluster 1, running correlation ϭ 0.60, grooming correlation ϭ Ϫ0.10) and grooming (cluster 2, grooming correlation ϭ 0.61, running correlation ϭ Ϫ0.07), while the other smaller clusters had little correlation to these two movements. Upon inspection, it became apparent that many of the clusters in our datasets had mean temporal activity patterns that closely matched the time course of running, grooming, or both movements, but far fewer clusters had activity patterns that matched only specific components of the movements (such as stroking the whiskers or running only forward, see Materials and Methods for more details on the components) or different more subtle movements not relating to running or grooming. Therefore, when examined across all of the datasets, a vast majority of the mean activity patterns of the large clusters were significantly correlated to running or grooming movements (supplemental Fig. 6 B, available at www. jneurosci.org as supplemental material). In fact, 87.7% of the 4813 neurons in all 62 time-series were in clusters with statistically significant running and/or grooming correlation ( p Ͻ 0.05; p value from bootstrapping, see Materials and Methods) . No large clusters (only small clusters containing 12.3% of the total number of neurons) were found that were not significantly correlated to the complex motor patterns of running and grooming ( p Ͼ 0.05).
The results above demonstrate that the meta-K-means analysis is, in fact, segmenting the neurons into largely running and/or grooming correlated groups; it was therefore of interest to investigate running and grooming correlation on the single-cell level. A large fraction of individual neuron temporal activity patterns were correlated to running and grooming movements. This can be seen in the single neuron activity pattern traces of the example dataset shown in Figure 4 A (top) (Fig. 4 Bii, labeled neurons; time-series dataset same as Fig. 3 A, C) and in the combined data of the 4813 neurons from all 62 datasets (supplemental Fig. 6C , available at www.jneurosci.org as supplemental material), where 82.9% of individual neurons had statistically significant running and/or grooming correlations ( p Ͻ 0.05, p value from bootstrapping). Because of this large fraction of individual neurons with statistically significant running and/or grooming correlation, we next investigated the spatial clustering of running and grooming correlation on the single-cell level. When the neurons within the image from the example time-series dataset shown in Figure 3 , A and C, were coded according to the magnitude of their running and/or grooming correlation, it became clear that the resulting spatial segmentation of the field was nearly identical to that obtained using the meta-K-means analysis (Fig. 4 Bi,ii) . Therefore, the spatial segmentation of the neurons provided by meta-Kmeans (knowing nothing about the running or grooming time course) are very similar, and in some cases nearly identical, to the The ordering of the neurons in Ai and Aii is random. After meta-K-means clustering, the neurons were grouped into clusters based on their temporal activity patterns (Aiii). The neurons were sorted first into their respective clusters and then within each cluster by their correlation to the cluster's mean activity trace. This sorting is most apparent in the neuron-neuron correlation plot (Aiv). Note that 5 of the neurons were not assigned to a cluster due to their dissimilar activity patterns compared to all other neurons and therefore they are not shown in Aiii and Aiv. Though the running and grooming state vectors were not used in the meta-K-means clustering, they are shown at the bottom of Aiii for reference in Ai and Aiii. B, Histogramofintra-andinterclusterneuron-neuroncorrelationvaluesforall62time-seriesdatasets(lightgrayanddarkgray,respectively) along with intracluster neuron-neuron correlation values for the same cluster sizes but with randomly assigned neurons (purple). *p Ͻ 10
Ϫ10
. Ci, TPM image of the field of view containing the 86 neurons from A. Cii, False color image of the field shown in Ci in which the neurons are colored according to their cluster identity. A red or green asterisk has been placed at the mean position of all of the neurons in cluster 1 or cluster 2, respectively. The mean x-position of the neurons in cluster 1 is significantly different ( p Ͻ 10
Ϫ5
, two-tailed t test, N ϭ 46 neurons in cluster 1 and 26 neurons in cluster 2) from the mean x-position of the neurons in cluster 2, while the y-positions are not significantlydifferent( pϭ0.56).D,Histogramoftheintra-andinterclusterneuron-neurondistancesforall62time-seriesdatasets(light grayandblack,respectively).*pϽ10
Ϫ6
.E,Alineplotwithonelineforeachdatasetgoingfromthemeaninterclusterdistancetothemean intracluster distance. Lines with negative and positive slope are colored red and black respectively. The black bars represent the mean neuron-neuron distance. Note that the majority of the lines are red, indicating that for the majority of the 62 datasets, the intercluster neuron-neuron distances are greater than the intracluster neuron-neuron distances.
spatial segmentation based on correlations between single neuron activity and mouse movements.
We note that because many different low-level aspects of forelimb movement could be used to distinguish running from grooming (muscle activation, hand position with respect to the body, speed or direction of hand movements, etc.), it is unclear which aspect is most important for segmenting the neurons. Although we refer to neurons here as running correlated or grooming correlated, this terminology is not meant to imply a strict ethological function for the neurons and is meant to encompass any of the possibly important aspects of forelimb movement.
The spatial layout of neurons with temporal activity patterns correlated to running or grooming To study the spatial layout of the movement correlated neurons, we coded the neurons within an image according to the magnitude of their running and grooming correlations and then determined the direction along which the maximum physical separation between running and grooming correlations occurred (see Materials and Methods) (Fig. 5, white arrows) . We refer to this measure of physical separation as the spatial significance. The distribution of spatial significance values from all time-series datasets (excluding the 5 homogeneous fields, defined below) is shown in supplemental Figure 7A , available at www.jneurosci.org as supplemental material, along with the spatial significance values obtained from the datasets with the neurons in the same physical location, but with their correlation coefficients randomly drawn from the distribution in supplemental Figure 6C , available at www. jneurosci.org as supplemental material; the data showed a significantly greater level of spatial significance compared to the randomized data (2.1 Ϯ 1.3 vs 1.3 Ϯ 0.7, p Ͻ 10 Ϫ13 , two-tailed t test, N ϭ 57 image fields, M ϭ 310 fields with randomized correlations). We categorized each of the 62 time series datasets into one of four possible categories and show 2 examples of each in Figure 5 : homogeneous (Fig. 5A ), significant spatial separation (spatial significance p Ͻ 0.01) (Fig. 5B ) (see supplemental Movie 2, available at www.jneurosci.org as supplemental material), moderate spatial separation (spatial significance 0.01 Ͻ p Ͻ 0.1) (Fig. 5C) , and little spatial separation (spatial significance p Ͼ 0.1) (Fig. 5D) .
Homogeneous image fields are characterized by the presence of only one movement correlated neuron type throughout the field. These fields were relatively rare, consisting of only ϳ8% of the total number of fields investigated. Significant spatial separation image fields are characterized by the presence and clear spatial separation of both correlation types. Often, these fields appeared as border regions between two homogeneous fields, or a large homogeneous field containing a smaller embedded homogeneous field of the opposite movement correlated neuron type. These fields consisted of ϳ34% of the total number of image fields. Moderate spatial separation fields (ϳ32% of the total number of fields) consisted of both neuron correlation types and, while some spatial separation between the correlation types was observed, the two populations were more intermingled compared to the significant spatial separation image fields. The image fields with little spatial separation (ϳ26% of the total number of fields) between the neuron correlation types often appeared to have the two populations randomly mixed: no spatial clustering could be discerned on the ϳ200 m scale. It is possible that many of these little separation fields consist of smaller significant subdomains of running or grooming correlated neurons for which the larger scale spatial order disappears. However, this was not seen; not only was no spatial significance observed on the ϳ200 m scale, it was also not observed on any smaller scale (supplemental Fig. 7Bii , available at www. jneurosci.org as supplemental material). Interestingly, when we examined the mean spatial significance of all of the datasets (excluding the homogeneous fields) on a scale smaller than ϳ200 m, we found spatial significance down to a scale of ϳ100 m ( p Ͻ 0.01, two-tailed t test, N ϭ 57 datasets, M ϭ 570 randomized datasets) (supplemental Fig. 7Bi , available at www.jneurosci.org as supplemental material), indicating that functional clustering within this region of the cortex is present above this spatial scale, but not below it.
To investigate the contribution that spatially segmented running and grooming neuron correlations may have on the inverse relationship seen between neuron-neuron correlation and distance in Figure 2 , we plotted neuron-neuron correlation versus distance first for all of the significant spatial separation fields and then for the all of the little spatial separation fields (Fig. 6 A) . While both subsets showed a significant inverse relationship be- tween correlation and distance (Spearman's rank correlation coefficient of Ϫ1, p Ͻ 10 Ϫ20 for both subsets), the slope for the significant separation fields (slope ϭ Ϫ8.1 ϫ 10 Ϫ4 /m, 95% confidence interval: (Ϫ8.5 ϫ 10 Ϫ4 , Ϫ7.7 ϫ 10 Ϫ4 )/m) was significantly less than ( p Ͻ 10 )/m). This indicates that the spatial separation seen between running and grooming correlations in the significant separation fields (and seen between many of the spatially distinct K-means clusters above) is part of the origin of the correlation versus distance result from Figure 2 . Interestingly, the little separation fields showed a significant inverse relationship between neuron-neuron correlation and distance (Fig.  6 A) , indicating that spatial clustering was likely also present within the running or grooming correlation subpopulations. This was in fact the case, when we plotted correlation versus distance, a significant inverse relationship was found for each of the subpopulations (Spearman's rank correlation coefficient of Ϫ0.985 ( p Ͻ 10 Ϫ5 ), Ϫ0.921( p Ͻ 10 Ϫ6 ), Ϫ0.954 ( p Ͻ 10 Ϫ5 ) for the running, grooming, and both subpopulations, respectively) (Fig. 6 B) . This indicates that, in addition to spatial separation between running and grooming neuron correlations, spatial clustering within the running and grooming correlation subpopulations was also part of the origin of the correlation versus distance result from Figure 2 . . Plot of mean neuron-neuron temporal activity pattern correlation versus mean neuron-neuron distance averaged for subsets of the data: A, all significant spatial separation fields (black) and all little spatial separation fields (gray); B, all grooming (green, defined as C groom Ͼ 0.3 and C run Ͻ 0.5* C groom ), all running (red, defined as C run Ͼ 0.3 and C groom Ͻ 0.5* C run ) or all both (blue, defined as C run (or groom) Ͼ 0.3 and C run (or groom) Ͼ C groom (or run) Ͼ 0.5* C run (or groom) ) movement correlated neurons from all 62 time-series datasets. The error bars represent SE. The traces have been normalized by the correlation value at the shortest pairwise distance. Note that for A, the significant spatial separation trace was normalized by 0.28 (the correlation value at ϳ20 m) and the little spatial separation trace was normalized by 0.33, meaning that the little spatial separation fields have an overall higher level of neuron-neuron correlation compared to the significant spatial separation fields. movements needed during grooming. We hypothesize that due to the different muscle activations of the hind-limb these two movements, similar results to what we found in the forelimb motor cortex may be found. Wide-field imaging methods (Berger et al., 2007; Ferezou et al., 2007) may be useful to observe the large-scale activation of the motor cortex during running and grooming. These studies may help inform the locations to further probe in future two-photon imaging studies. Finally, we note that new techniques that have been applied to awake behaving rodents (Brecht et al., 2004; Ferezou et al., 2007; Kuhn et al., 2008; Poulet and Petersen, 2008) are likely to compliment our results. For example, it was recently found during periods of quiet wakefulness that layer 2/3 barrel cortex neurons undergo ϳ10 mV amplitude Up-Down state transitions at ϳ2-5 Hz (Poulet and Petersen, 2008) . While the temporal resolution of our recordings was fast enough to see the ϳ2-5 Hz transitions, subthreshold activity may not be detectable with our imaging method. We analyzed the significant calcium transients during periods of resting and found the rate of their occurrence (0.29 Ϯ 0.14 significant transients/s) to be an order of magnitude lower than the transitions recently observed (Poulet and Petersen, 2008) . However, since more work is necessary to quantify the sensitivity of our method to this subthreshold activity, our inability to see these transitions during resting does not imply that they are not present; future experiments, possibly using different methods (Berger et al., 2007; Kuhn et al., 2008) , will be needed to search for these signals in the motor cortex.
